The International Network for the Demographic Evaluation of Populations and their Health (INDEPTH) has produced reliable longitudinal data about the lives of people in low-and middleincome countries (LMICs) through a global network of health and demographic surveillance system (HDSS) sites. Since reliable demographic data are scarce across many LMICs, we examine the environmental and socioeconomic (ES) similarities between existing HDSS sites and the rest of the LMICs. The HDSS sites were hierarchically grouped by the similarity of their ES conditions to quantify the ES variability between sites. The entire Africa and Asia region was classified to identify which regions were most similar to existing sites, based on available ES data. Results show that the current INDEPTH network architecture does a good job in representing ES conditions, but that great heterogeneities exist, even within individual countries.
Introduction
A health and demographic surveillance system (HDSS) undertakes 'the longitudinal follow-up of well-defined entities or primary subjects (individuals, households and residential units) and all related demographic and health outcomes within a clearly circumscribed geographical area ' (INDEPTH, 2002) . Ongoing cohort surveillance of health and demography in low-and middle-income countries (LMICs), conducted through a limited number of HDSS sites, provides valuable information on data-poor regions and reliable evidence for health policy design. Since the early 1960s, a collection of health research centers operating HDSSs have been established around specific intervention studies in LMICs, to monitor dynamics in populations, including births, deaths, migrations and a range of other data (such as morbidity episodes, pregnancies, marriages and economic activities), usually at 3-4 month intervals, in order to quantify the long-term socioeconomic and demographic trends, as well as impacts of major diseases and other external factors (Baiden et al., 2006; Tatem et al., 2006) . In 1998, a number of HDSS sites came together to found the International Network for the Demographic Evaluation of Populations and their Health (INDEPTH) (Baiden et al., 2006; Sankoh and Byass, 2012) .
One of the principal purposes of the INDEPTH network is to provide representative data on a range of demographic and health indicators in low income regions of the world, where such information is scarce (Sankoh and Byass, 2012) . Further, INDEPTH aims to pool these site data to provide information on the wide-area demographic patterns and their determinants. Morbidity, mortality and health equity measures in Africa, however, are influenced strongly by both socioeconomic conditions and the burden of infectious diseases (Murray and Lopez, 1997) .
Therefore, to enable confident comparison between the individual HDSS sites across the INDEPTH network and the effective extension of findings to other areas, the environmental and socioeconomic characteristics of the sites should ideally be controlled for .
A previous study examined the environmental coverage of the INDEPTH in rural Africa, consisting of 21 HDSS sites at the time . The analyses concluded that the architecture of the INDEPTH rural network at the time provided a comprehensive coverage of much of the wide range of climates and environments found across sub-Saharan Africa (SSA), particularly across the southern Sahel and central tropical regions. This inferred, therefore, that findings and relationships derived at those HDSS sites could be applied elsewhere within the same environmental class with some confidence. Since that study, however, INDEPTH has expanded its network, now incorporating 43 sites and covering three continents. Further, updated and higher spatial resolution satellite-derived environmental datasets have become available, as well as global spatial datasets representing a range of socioeconomic factors. This highlights the need therefore to update, expand and improve previous assessments of the representativeness and coverage of the INDEPTH network to account for these changes. Here we undertake these analyses, focused on the new network, expanded geographical extent and new global environmental and socioeconomic (ES) datasets. The goals of this study are two-fold: (i) update the mapping of the environmental coverage of the newly expanded INDEPTH network, going beyond solely Africa, and (ii) integrate more infrastructure and sociodemographic datasets that exist in a consistent format across Africa and Asia. The outputs focus on broad scales, and the typical conditions found at each site, and across the continents. We do not examine the demographic compositions and behaviors at each site, nor seasonal or inter-annual differences.
Methods

Data
At the time of writing, there were a total of 43 HDSS sites within the INDEPTH network: 30 in Africa, 12 in Asia and one in Oceania (www.indepth-network.org). Superimposed on the map in Figure 1 are the geographic locations of the 43 sites. Further descriptions are provided in supplemental information.
Data describing the environmental conditions across the region were derived from 1×1 km imagery from the MODerate-resolution Imaging Spectroradiometer (MODIS) sensors on-board NASA's Terra and Aqua satellites following the approaches outlined in Scharlemann et al. (2008) . An imagery sequence from 2001 to 2008 was maximum value composited into monthly files and then subjected to Temporal Fourier Analysis (Rogers, 2000; Rogers et al., 2002) . Of the outputs, the minimum, maximum and mean middle infrared radiation (MIR), land surface temperature (LST) and enhanced vegetation index (EVI) images were used here to provide broad quantitative descriptions of the environmental conditions experienced across Africa, Asia and Oceania.
EVI is an alternative version of the conventional Normalized Difference Vegetation Index (NDVI). NDVI has been regarded as a good indicator of soil moisture, rainfall, vegetation biomass and productivity, and neighborhood greenness (Rhew et al., 2011) , and is the most commonly used vegetation index in epidemiological and health studies and associated with a large variety of health effects, such as diarrhea (Johnson et al., 2013) , malaria prevalence (Gething et al., 2011) , dengue transmission (Bhatt et al., 2013) , land use, emerging infectious disease risk (Pigott et al., 2014) and coronary heart disease and stroke (Pereira et al., 2012) , through direct and indirect relations to the vegetation cover, air quality, arthropod and animal habitats, and physical activity. However, EVI has been proven to function with higher fidelity through reducing saturation of the signal at high vegetation coverage and soil background effects (Huete et al., 2002) . LST is a measure of surface or "skin" temperature (Sims et al., 2008) , and is calculated by either split-window methods taking into account land surface emissivity or an atmospheric correction method (Scharlemann et al., 2008) . Due to more adequately representing local temperature variability than ambient temperatures, LST has been widely associated with heat-related health effects (Kestens et al., 2011) , vector-borne infectious diseases (Bhatt et al., 2013; Gething et al., 2011; Tatem et al., 2004) , and drought impacts (Bohra-Mishra et al., 2014; Karnieli et al., 2010) . MIR, recorded by MODIS band 7, shows associations with the water content, surface temperature and the structure of vegetation canopies (Boyd and Curran, 1998; Tatem et al., 2006; Townshend and Justice, 2002) , and thus as an indirect indication of vectorborne disease risk (Hay, 2000; Hay et al., 2006) .
Monthly 1x1 km measurements of precipitation (PREC) averaged over the period were obtained through WorldClim (Hijmans et al., 2005) . The minimum, maximum and mean precipitation, produced from all the values from 12 monthly layers, were used in this study to represent typical patterns of precipitation across the region year round. The role of precipitation on health and demographics has been identified in studies of water-borne diseases (Curriero et al., 2001) , malaria (Patz et al., 1998; Thomson et al., 2006) , and migration (Garcia et al., 2015; Henry et al., 2003) , for example.
Three socioeconomic variables were used in addition to environmental variables to provide an improved picture of conditions relating to health and demography in an area over simply using environmental and climatic metrics: population density (POP), accessibility (ACCESS) and economic output (ECON). Just as with the environmental variables, these do not capture the full range of conditions and variabilities that exist in each area, but provide a broad set of metrics that are available consistently across the two study continents. The Global Rural-Urban Mapping Project (GRUMP) beta version dataset (Balk et al., 2006) was used to provide a representation of population densities across the region studied. Population density and the effects of urbanization have been shown to be related to a variety of demographic and health outcomes (Dye, 2008; Hay et al., 2005) . Accessibility, measured in terms of estimated travel time to major settlements, can be a strong determinant of social, health and economic differences between regions (Linard et al., 2012; Smith et al., 2013; World Bank, 2009) . A global map of accessibility was obtained at 1km spatial resolution (Nelson, 2008) , with grid cell values representing travel time in minutes to the nearest major settlement of population size 50,000 or more. A geographically based economic dataset, G-Econ 4.0 (Nordhaus et al., 2006) provided data on 'gross cell product', which estimates per-cell economic output values in U.S. dollars, as an indicator of economic productivity over 1×1 degree cells. The links between economic output, poverty and health are well known and widely studied and debated (e.g. (Feinstein, 1993) ).
Pre-processing
Prior to analyses, all spatial datasets not originating from MODIS (PREC max , PREC mean , PREC min , POP, ACCESS and ECON) were resampled and matched to the 1×1 km MODIS grids (EVI max , EVI mean , EVI min , LST max , LST mean , LST min , MIR max , MIR mean and MIR min ). Further, given that the focus of demographic and health-related studies are the populated areas of the world, all layers were masked to remove areas of population density less than 1 person/square km, as defined by GRUMP (Figure 1) . Finally, the values in all spatial dataset layers were normalized to the same data range of 1 to 100 to ensure comparability. 
ES signatures and distances
Buffers with a radius of 50km, centered on each INDEPTH HDSS site, were defined to represent the broad ES conditions experienced at HDSS sites relative to the rest of the regions under study. Buffers with different radii were tested (100km, 10km), but the choice was found to not influence results. Thus, for each HDSS site, minimum, maximum and mean MIR, LST, EVI, and precipitation, plus population density, accessibility and economic output values, were obtained, representing unique ES 'signatures' for each site . Given the 50km radius, five pairs of sites that were spatially proximate were merged as 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60  61  62  63  64  65 To examine how similar the ES signature of each INDEPTH HDSS site was to the rest of Africa, Asia and Papua New Guinea of Oceania, ES distances were calculated using ERDAS IMAGINE 2010 (Leica Geosystems) to produce a continuous measure of ES similarity in 15-dimensional space between the signature of each grid square across the continental regions and the signature of the site that it is most similar to. Thus, grid squares showing large ES distance values were relatively dissimilar to the site that they were most alike, while small distance values represented greater similarity to an existing site. The lowest distance values were found at the INDEPTH HDSS sites, by definition. The overall output thus provided a mapped representation of the ES coverage of the INDEPTH HDSS network. This representation was also stratified by major Köppen climate region (Peel et al., 2007) to separately highlight the coverage of the network in equatorial, arid, warm temperate and cold/mountainous regions.
Hierarchical clustering and classification
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Results
ES signatures of the INDEPTH HDSS sites
It is clear that, relative to the range of global variability, unsurprisingly most existing HDSS sites share some similar features, such as low economic output and population density, low PREC and MIR, moderately high EVI and high LST. Outliers exist though, for instance, higher MIR at the four HDSS sites in Burkina Faso and for Niakhar in Senegal. The Wosera site in Oceania had the lowest population density and poorest accessibility (as defined by the travel time measure used here), and second lowest economic output. The sites with relatively higher economic output and population density were almost all in Asia except for the Nairobi site. EVI in East Africa, Southern Africa, South Asia and Thailand tended to be overall much higher than others, while the volumes of precipitation at sites in South and Southeast Asia were higher than for those sites on the African continent. Details on the ES signatures of the INDEPTH sites are presented in supplemental information.
Cluster dendrogram and ES distances
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Discussion
Since being founded in 1998, the INDEPTH network has grown to cover 20 countries in Africa, Asia and Oceania, following a population of 3.2 million to date. It continues to provide essential evidence for health policy making in low-and middle-income countries, filling important gaps globally in epidemiological surveillance (Sankoh and Byass, 2012) . The data produced from INDEPTH sites has been used occasionally to represent conditions in wider, unsurveyed regions, where reporting is unreliable or non-existent, but how these data are extrapolated, and which sites are representative are rarely considered. A previous study attempted to tackle these issues , but it was focused on Africa only, covered a smaller number of sites, examined solely environmental coverage and was based on satellite imagery that is now considered coarse and outdated. Here, each of these drawbacks have been overcome to provide a more detailed, contemporary, comprehensive and reliable assessment of the ES coverage of the existing INDEPTH network of HDSS sites.
Though it remains difficult to quantify what is 'sufficient', results show that the current INDEPTH network provides a relatively comprehensive coverage of the broad range of ES conditions that exist in the populated regions of Africa and Asia. Figure 4 highlights that the poorly represented 'outlier' regions are generally those for which the network was never intended to represent (e.g. Japan, Russia, Korea), though some key Sahelian regions still remain relatively unrepresented, similar to the findings of Tatem et al (2006) . However, some of the key gaps identified in terms of environmental-only coverage in Tatem et al (2006) have been reduced through the addition of new sites and, importantly, despite subnational heterogeneities, the equatorial regions of the world that are among the poorest, are the most well represented by the network (Figure 5 ). Nevertheless, it is clear that uncertainties and sources of error remain to be tackled in future work.
We have endeavored here to utilize the most representative and recent data for each variable, available consistently across the continental study regions, to represent the contemporary ES conditions of the HDSS sites. Though some temporal mismatches among different variables involved in this study exist, the focus here was on providing broad measures of relative differences between locations, and capturing the typical conditions found at each site.
Moreover, initial testing with some of the different datasets (MODIS and ECON for different time periods) suggested no noticeable differences to results given the broad scales of analysis examined here. Future work will also focus on the exploration and construction of additional covariates to continue to work towards a more complete picture of the ES features of the regions studied. This will include datasets such as high resolution poverty maps (www.worldpop.org), variabilities in access to improved sanitation (Pullan et al., 2014) and subnational information on HIV prevalence (from e.g. http://spatialdata.dhsprogram.com/home/).
More efforts will be focused in future work on evaluating the demographic and health representativeness of the INDEPTH sites by comparing these sites with each other and to other locations where rich data exist in terms of factors such as age structures, mortality rates, and migration patterns of the populations. Through use of the data collected at the INDEPTH sites themselves, a much more detailed analysis of the sociodemographic similarities between sites could be undertaken, refining the similarity metrics calculated and the dendrogram analyses in Figure 2 . This was beyond the focus of the current paper due to such rich data being unavailable beyond the sites themselves, but would be an informative study in terms of translating findings between sites. Obtaining these data in a standard and comparable format from all sites will however remain a challenging exercise, since not all sites make their data freely available. Other sources may be considered to complement the INDEPTH data though, such as mapped microdata from Terra Populus (http://www.terrapop.org/), or geolocated cluster data from the Demographic and Health Surveys (http://spatialdata.dhsprogram.com/home/).
The representativeness of the data produced from the HDSS themselves should be considered and accounted for. For instance, substantial heterogeneities in the population structures and proportion of migrants within the demographic surveillance area of the Nairobi HDSS exist (Emina et al., 2011) , highlighting that the data from HDSS sites may over-represent permanent resident and under-represent the transient populations. Thus, in assessing the 'representativeness' of a site in terms of the surveillance data produced, these biases and heterogeneities should be considered (Collinson et al., 2007; White, 2009; Ye et al., 2012) .
While the INDEPTH network is one of the largest collections of surveillance sites providing ongoing demographic and health measurements, other sites producing similar data exist, such as the network of Institut Pasteur centres and other DSS sites that are not INDEPTH members.
Extending the analysis presented here to include a wider set of surveillance sites will therefore be a focus of future work, to produce an assessment of the comprehensiveness of current global surveillance, and where gaps exist. Additionally, while this work has considered temporal variability in terms of annual minimum, maximum and mean values of covariates, in reality, the seasonality in these factors can be of great importance to health and demographic outcomes, and this seasonality can be captured in covariates that are measured through space and time (e.g., from remotely sensed data sources). Environmental seasonality, in this sense, represents an important dimension of the environmental constraints that determine disease outcomes and needs to be captured as part of future analyses. Spatiotemporal methods and tools could be utilized and adapted to characterize seasonality in a few covariates for incorporation directly into the modeling (Alegana et al., 2013; Atkinson et al., 2012; Bakar and Sahu, 2013; Sahu et al., 2014) .
Seasonal parameters could be added to explain and adjust for seasonality, as has been undertaken previously (Sahu et al., 2014) . Finally, while the analyses here provide a basic assessment of the similarities between existing sites and representativeness of the INDEPTH network in terms of available covariates, they do not fully account for the variation inherent within site catchments, or signatures across the two continents. For example, the Nairobi site in Kenya, located in two slum communities, does not represent Nairobi as a whole, nor are the precise conditions at these sites well represented by the ES data used here, due to data resolution limitations in terms of what exists presently for consistent measurements across continents. Here, for example, the Nairobi site is allocated a relatively high economic output value due to the coarse resolution of the global dataset that these estimates come from. Other urban sites also suffer from similar resolution issues, such as the Ouagadougou site that covers a number of peripheral slums, but being situated in a relatively high economic output area. Future work will therefore focus on the design and implementation of methods that can account for (i) site catchments and variability in covariate-defined conditions within them, (ii) site differences in terms of population numbers surveyed, and (iii) the range of variability in covariate values that make up the signature of each site. Here, hierarchical geostatistical models using the Bayesian paradigm could be utilised, making use of existing open software packages, e.g. spBayes (Finley et al., 2007) and INLA (Rue et al., 2009 ). This framework would enable rigorous accounting for the variability observed in site catchments, populations, health outcomes and signatures and propagate this variation through to the dendrogram and distance maps, enabling a more complete assessment of the uncertainties inherent in the analyses. outputs that provide valuable guidance on where the existing coverage (in terms of available covariates) of surveillance sites is relatively good or poor, but further steps are required if the positioning of new sites is to be optimized or the required number of sites is to be determined based on pre-defined criteria. Here, approaches developed for the optimal design of spatial sampling strategies could be adapted (e.g., (Neal et al., 2012) ). Optimum spatial sampling design has great potential in this context, but has seen limited application. The positioning of multiple new sites presents methodological challenges due to the interactions that each new site will have on prior and subsequent sites and, thus, the need to consider jointly their ability to optimally improve network coverage and representativeness of populations.
As the World transitions from the Millennium Development Goals (MDGs) era to the setting of new Sustainable Development Goals (SDGs), the monitoring of progress towards completing both sets of goals is as important as ever. The INDEPTH network, as well as other sets of longitudinal surveillance sites, is central to providing the evidence bases required for such progress tracking in countries where national surveillance systems are weak. Ensuring that such surveillance is as representative as possible of the range of environmental conditions and socioeconomic variabilities found across the regions of interest is therefore vital to accurate monitoring. Here we have outlined a framework and set of results for assessing this coverage across continents and providing quantitative evidence for guiding extrapolation and interpretation of surveillance outputs across broad areas. 3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60  61  62  63  64  65 
References
